ABSTRACT Discovering the behavior pattern of urban high-risk driving is of great significance for national economy development and social stability. With increasing traffic accidents and crimes on current urban roads, the government endeavors to reduce the traffic violation rate. Exploring the behavior pattern of urban high-risk driving is an effective approach to prevent traffic accidents. In this paper, we explore the urban-scale high-risk driving behavior pattern in China. In order to achieve this goal, we analyze the death records of traffics among more than 300 cities throughout the country. In particular, we first build a city network, in which a node represents the properties of the traffic violation for the discovery of the urban-scale high-risk driving behavior pattern. Six urban-scale high-risk driving behavior patterns about overspeeding, nonlicense, drunk, and violation of the traffic rules are discovered from the traffic violation city network data. The research result leads to three key conclusions. First, urban networks based on death records information show strong spatial dependence and hierarchical characteristics and are largely coupled with the space distribution of major cities in China, reflecting the spatial relationship and core-periphery structure of highrisk driving behavior on the urban-scale. Second, to a large extent, there is a frequent occurrence of death record information around or in major domestic cities, economic belts, and important coastal ports, such as Beijing, Tianjin, Shanghai, the Yangtze River Delta Economic Belt, and the Pearl River Delta Economic Belt. This phenomenon demonstrates the attractiveness of large cities and regions as a domestic economic and political center. Third, the geographical location of the city has an impact on the pattern of high-risk driving behavior. For example, Tangshan city, the largest production base of mineral resources in China, possessing several transportation routes and heavy vehicle flows on the road, shows an increasing probability of violation of the traffic law.
I. INTRODUCTION
The urban system has been driving the globalization of information and full coverage of the economy, and promoting the common development of the national economy [1] . As a result, all cities in the country closely connect to each other. Since cities are not isolated entities in space, the cities with different functional divisions and scales depend on each other in various forms of linkage, and formed an orderly urban system [2] . Besides, the influence of traffic violation existing in the urban system to the stable development of society and economy has attracted more and more attentions [3] .
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However, due to the rapid expansion of the scope of urban, the increasing complexity of urban roads and massive production of automobiles, it has become an arduous task to control the amount of traffic violations. Hence, it is of great value to explore high-risk driving behavior pattern, which would benefit for reducing the traffic violations.
With the existing high ratio of traffic accidents and crimes, understanding the behavior pattern of urban scale high-risk driving provides the safety guarantee for the common development of cities across the country. In this paper, we discovering the urban-scale high-risk driving behavior pattern in China. However, a rich body of research has been devoted to studying the personal factors that cause high-risk driving behavior, such as cell phone use [4] , binge drinkers in adolescent [5] and education [6] . As such, most of the relevant literatures on the study of high-risk driving behavior focus on theoretical discussion [7] and questionnaire survey [4] , both of which are discussed at a micro perspective. As the rapid development of the techniques and theories in the big data era, new methodologies have introduced to analyze the large amount of data available online, we gain data from the integrated traffic management platform, and analyzing static and dynamic network characteristics to uncover urbanscale high-risk driving behavior pattern. Compared to previous researches, we explore the attraction of cities in a novel macro perspective, by analyzing spatial connection, geographical characteristics, and interaction between cities within the behavior pattern of urban high-risk driving in China.
Urban-scale high-risk driving behavior pattern depends on the urban architecture. Analyzing the connectivity of urban system will bring the important basis for studying high-risk driving behavior patterns. First, we collect data by crawling traffic violation data from the integrated traffic management platform and classify them according to the prefecture-level cities, then track the relationship through traffic flow between two cities. We highlight the high-risk driving behavior in urban-scale via analyzing the death record of traffic violation data. Second, we build a city network based on our traffic flow data. This city network can be used to exploit the influences and interactions among cities. Given the graph structure, we measure the tightness of city interaction, by exploring the clustering coefficients and use the edges information to explore the distribution of city attraction based on high-risk driving behavior. Then we study the degree distribution of nodes and nodes strength to explore characteristic of high-risk driving behavior pattern. Furthermore, we discuss the influence of geographical feature of city on high-risk driving behavior pattern and characterize temporal patterns of high-risk driving behavior count in an individual city. Moreover, based on the city network we visualize the city pairs with edges that have higher weights and explore spatial interaction with city under the highrisk driving behavior. In addition, we calculate characteristic indicators of city network, which help us to have insight into characteristic of city network based on traffic violation data.
The main contributions of this study are summarized as follows:
• A city network using anomalous event like traffic violation data is constructed with characterized graphical structure. This can provide a great insight into the highrisk driving behavior pattern.
• The impact of city attractiveness is discuss based on the edges information and the method for detecting influential nodes in the city network. We also discover that our city network is a scale-free network by analyzing the structural characteristics of network, which can help us understand urban-scale high-risk driving behavior pattern in China. • The temporal patterns of high-risk driving behavior in each individual city is displayed in terms of count number of traffic violations data which reveal a diversity of high-risk driving behavior in cities.
• The influence of geographical feature of city on high-risk driving behavior pattern is discussed through combined drawing of city network with geographical information.
• Influential cities from the city network are detected, further analysis to the main factors of these cities leads the discovery of high-risk driving behaviors.
The remainder of this paper is organized as follows. Section II describes data collection, introduces the city network graph and methods for big data analytics. Section III presents the result from our study. In section IV, we discuss related work and Section V concludes this paper and outlines our future work.
II. DATA AND METHODS

A. DATASET
To begin our study, we collect data from April 2017 to January 2018 in an integrated traffic management platform that link 332 prefecture-level administrative units. We organize the data into four datasets: traffic violation dataset, prefecture-level administrative dataset, driver dataset and car information dataset. The description of four datasets are summarized in TABLE 1. According to the vehicle management regulations of China, each vehicle has a corefile, recording the key information of the car; for example the location for registered car, and is identified by the vehicle registration plate. When a vehicle produces an illegal action in a certain place, the system will record the license plate number and the relevant information of the violation including the detailed address, driver ID, time and illegal information. Above datasets are obtained according to these available information (see TABLE 1 ).
B. DEFINITION OF CHARACTERISTICS OF CITY NETWORK BASED ON TRAFFIC VIOLATION DATA
Complex network analysis methods provide scientific tools for the analysis and interpretation of relationships between cities. From Watts and Strogatz on scale-free networks and Barabasi and Alert on small-world networks [9] , [10] , complex network analysis methods have been rapidly developed based on their efficient portrayal of network topology and dynamic behavior. To better understand the pattern of traffic violations, we use the traffic violation data to model intercity VOLUME 7, 2019 movements and analyze the structural characteristics of the network. specifically, a directed weighted network G = {(V , E, W )} is used model inter-city traffic flow, where V is node, W is the weight of the edge; E stands for edges, e = (i, j, w ij ) connecting two nodes i and j, the weight of the edge is w ij , and i, j ∈ V , w ij ∈ W , e ∈ E. Each node in the network corresponds to a city in the traffic violation data. If there is a traffic flow between two cities, link corresponds cities in the network. The weight of the edge is the frequency of vehicles traveling between the two places. There are 332 nodes and 4815 edges in our considered network.
1) BETA INDEX
The beta index measures the network connectivity and is expressed as the average number of edges per node, denoted as follows:
where β is the beta index; e is the number of edges; and v is the number of nodes. The larger value of β, the more connected the network is. In a network with a fixed number of nodes, the higher the number of links, the higher the number of paths possible in the network [11] .
2) AVERAGE PATH LENGTH
The average path length is defined as the average number of steps along the shortest paths for all possible pairs of network nodes, denoted as follows:
where d ij is the number of edges for the shortest path length between nodes i and j; and n is the total number of nodes in the city network. The lower the average path length, the more nodes are accessible.
3) DENSITY
The density measures the intensity of connection between the nodes. It is defined as the upper limit proportion between the number of edges that actually exists in the network and edges that can be accommodated, denoted as follows:
where m is the number of edges and n is the number of nodes. The value ranges from 0 to 1, with the lower limit corresponding to networks with no relationships and the upper limit representing networks with all possible relationship. The closer the value is to 1, the more dense is the network and the more cohesive are the nodes in network.
4) CLUSTERING COEFFICIENT
The clustering coefficient measures the degree to which nodes in a network tend to cluster together, it is defined as the average value of the clustering coefficients of the nodes in the network [12] .
where C i is the clustering coefficient of node i, which is the portion of actual edges (E j ) between the nodes within its neighborhood (i.e., all its adjacent nodes excluding the node itself) divided by the maximal possible edges (k i (k i − 1)/2) between them, i.e.,
5) ASSORTATIVITY COEFFICIENT
The assortativity coefficient of a network reflects the tendency of node to connect to other nodes with similar weights. It can be calculated as the Pearson correlation coefficient of the weighted degrees of all linked node pairs [9] . The weight of a node means the sum of the weights of the edges connected to that node. The value of Assortativity Coefficient is between -1 and 1. If value is positive then the network is assortative and otherwise not assortative.
6) PAGERANK SCORE
PageRank is a widely used algorithm that quantifies the effect of nodes in a network, in which each node has a PageRank value range from 0 to 1. It offers clear advantages over other centrality measures, as well as a simple analogy, where every destination for traffic flow counts as a vote for the target location, in the same way that hyperlinks are considered as a vote for their target Web site, denoted as follows:
where PR[i] is PageRank value of node i and M (i) is number of nodes that are connected to the i node; L[j] is number of all connections from node j; and N is graphic size and α is damping factor. With this algorithm, we successfully obtain PageRank value for node in city network.
C. METHOD TO EXPLORE HIGH-RISK DRIVING BEHAVIOR PATTERNS IN URBAN-SCALE NETWORK
We describe the methods for studying high-risk driving behavior patterns in four aspects, shows in TABLE 2. We calculate density, PageRank score, degree distribution and node strength distribution of city network. Density of city networks measures intensity of connection between the cities. And detecting the influential nodes in networks is the most effective way to explore which of the cities are more attractive in the city network. Hence, we use PageRank score to detect the more attractive city in high-risk driving behavior.
In another work, we analyze degree distribution and node strength distribution of city network, which help us to have insight into the factor that is attracting the high-risk driving behavior. In addition, our city network is constructed by real data, hence measuring connectivity of network is important. So, we use Beta index to measure connectivity of networks. From modularity and number of community score, we can observe local connectivity of city network.
Because of the geographical location and strategic position of the city, the city network based on high-risk driving behavior tends to contain cliques or near-cliques, which are called small-world based behavior. In our study, we use clustering coefficient and average path-length to identify characteristic of our city network. Clustering coefficient measures of the degree to which nodes in a graph tend to cluster together. Evidence suggests that in most real-world networks, particularly in social networks, nodes tend to create tightly knit groups which are characterized by a relatively high density of ties. This likelihood tends to be greater than the average probability of a tie randomly established between two nodes [14] .
Furthermore, we calculate assortativity of network to study the spatial characteristic of high-risk driving behavior. In other word, we intend to explore the relationship between cities under traffic violation data and link them to their geographic location which are visualized by JavaScript tools. Thereby, we can study the spatial characteristics of high-risk driving behavior. At this point, PageRank score of some cities can reveal geographical concern of city in high-risk driving behavior.
III. RESULTS
A. DESCRIPTION OF THE DATASET 1) SPATIAL DISTRIBUTION OF DATA
According to FIGURE 6, we show that in dataset, the data basically covers the economically developed regions in the eastern part of the country, especially the coastal areas and the high-speed development land near the sea. The FIGURE 6 shows that the dataset density is concentrated in the economic zones of the Beijing-Tianjin-Wing, the Yangtze River Delta, and the Pearl River Delta, and gradually extend to the coastal areas.
2) TEMPORAL DISTRIBUTION OF THE DATA
In FIGURE 1(a), we show the distribution of the frequency of the traffic violation data for per week in the period of time. In this figure, we can see that the highest peak is on the eve of the National Day holiday. Everyone uses their own transportation to make the long-distance travel or holiday flow. The minimum value of the week is in the National Day vacation period. Due to the traffic control policy in special circumstances, the frequency of illegal data is reduced.
3) THE TYPE OF VEHICLE
According to FIGURE 1(b), we show that the proportion of oversize vehicles and small vehicles larger than others, especially for oversize vehicles. This shows that illegal records mostly appear in oversize vehicles (which may be cargo and express delivery services). Therefore, it is important to increase attention to the oversize vehicles, especially offsite oversize vehicles, in traffic management work.
B. STATIC ANALYSIS OF THE CITY NETWORK
We construct the city network based on the location data we have collected. TABLE 3 describe the structural properties of city network. From which we could obtain a basic understanding of the city network's structure. In the table, Nodes are the numbers of city in the city network, and Edges represent the number of traffic transitions in the city network; Diameter indicates the maximum shortest path length in the network; Weighted degree is the accumulated weight of an edge connecting to or from the node in the city network. In other words weighted degree represents the number of vehicle transport to or from the city; Modularity is designed to measure the strength of division of a network into modules. Networks with high modularity have dense connections between the nodes; LSCC is the largest strongly connected component of a directed graph, which is the subgraph that all nodes are strongly connected. In other words, for any node pair (u, v) in this subgraph, there is a directed path from u to v, and a directed path from v to u. And LWCC a weakly connected component of undirected ones.
From TABLE 3, we can understand that city network is not really dense (density = 0.0454 in the entire network, density = 0.0647 in the LSCC and density = 0.0778 in the LWCC), but still somewhat connected. Hence, the dominance of the city network is on a few nodes (cities). Some cities have been playing a leading role in the urban-scale high-risk driving behavior pattern. This phenomenon can also be seen in the degree distribution. We discover that network clustering coefficient is 0.232 for the entire network, 0.247 for the LSCC and 0.474 for the LWCC, from which we can see that our city network is the small-world network. Average shortest path length have confirmed small-world characteristic of our city network, since there is have small average shortest path length in the entire network (2.8893), LSCC (2.7932) and LWCC (2.3894). Similarly, from modularity score, we can know that city network can divide into communities, it is also show in number of communities score, and city network have good connectivity. Furthermore, we calculate assortativity of network, then we can understand network property in city network. From the assortativity score, we can see that our city network is not really assortative (assortatvity = 0.0492), in other word, it is not really that large-degree nodes primarily attach to other large-degree nodes, and low degree nodes to low-degree nodes, but have somewhat attractiveness in largedegree nodes (cities).
Identification of influential nodes in city network often has important implications, such as decisions made by leaders, planning of inter-city roads, and so on. We apply PageRank algorithm to identify the influential nodes in the network (city). PageRank is a widely used algorithm that quantifies the effects of nodes in a network [15] - [17] , in which each node has a PageRank score range from 0 to 1. Because the nodes in the network are connected with each other through the vehicles, the PageRank score of the cities in the network can reflect the city's influence in the urban-scale high-risk driving behavior patterns. The more influential a node with a large PageRank, it also means that the more vehicles flow to these cities, in the meantime these cities are more attractive to people. TABLE 4 shows the nodes (cities) with the PageRank score of top 10 in the city network. We find that these influential nodes (cities) have extremely high PageRank scores and are important cities, regardless of their population size, economic status, or geographical location. For example, Lin Yi is the bridge of between Beijing-Tianjin-Wing and South China economic zone, Cang Zhou and Shi Jia Zhuang are influenced by the Beijing-Tianjin-Wing and Fu Yang are influenced by the Yangtze River Delta. In addition, Chong Qing, Shang Hai, Hang Zhou, Tian Jin and Guang Zhou are have big city influence for other cities which are placed around them.
In the analysis of the influence of the entire nodes (cities) in the network structure, we use distribution of the node strength to explore a characteristic of the network node (city). The definition of the node strength is
The strength of nodes is divided into: (1) in-degree strength; (2) out-degree strength. In FIGURE 2, we display the outdegree and in-degree strength of node. As we can see from the figure, the strength of nodes exhibits a power law distribution. The results show that the number of participants in traffic violations is uneven in quantity, while most cities are relatively less engage: the power law distribution for city mentions 43658 VOLUME 7, 2019 indicates that there is a significant few that constantly engage in traffic violation behavior.
In another work, we analyze the in-degree, out-degree and degree distribution of the network, as shown in FIGURE 3. In FIGURE 3(a) , it can be seen that the out-degree of the network is a power law distribution as a whole, and the in-degree of network is a power law distribution from k > 10. For the network degree distribution, we can see from FIGURE 3(b) that the power law distribution is presented as a whole. It can be seen form FIGURE 3, there are few nodes have a larger degree distribution, which is also in line with the phenomenon of traffic between cities: big cities tend to have extremely high attraction (for example, Beijing, Shanghai, Chongqing, etc.). In terms of traffic management, first, because of the attractiveness of people from outside in big cities, they may not easily understand the local transportation facilities (possibly with advanced transportation equipment) into traffic accidents. Second, in the other hand, during the owner of vehicle in second-tier city processing to big city, the lack of attention to transportation in the big city has led greater traffic accidents. This power law distribution phenomenon has the same result in the edge weights as shown in FIGURE 3(c). Because the edge weight distribution represents the proportion of a pair nodes (cities) in the network. Therefore, we confirm that the proportion of a pair of cities (corresponding to side weights in the network) with a high number of traffic violations generated in urban networks accounts for a small proportion of the total environment (as shown in FIGURE 3c, the higher the frequency, the smaller the distribution). These analysis results in the pattern of traffic violations are important to effective countermeasures for relatively problem.
Pattern 1 (City Attraction):
There are significant few cities that constantly engage in high-risk driving behavior. From the above analysis, we can observe that there are few nodes which have larger degree or node strength, and from PageRank score, we can see they also have high PageRank scores. Therefore, we can confirm these influential cities (i.e., Shi Jia Zhuang, Lin Yi, Tang Shan ... ) which have certain geographical advantage worthy of further discussion the factor that lead to high-risk driving behavior.
C. ANALYSIS OF IMPORTANT FACTORS LEADING TO HIGH-RISK DRIVING BEHAVIOR
In the previous section, we analyze the structural characteristics of city networks based on traffic anomalies. In this part, we deep into the main factor that leading to high-risk driving behavior in some cities which are detected from analysis of static property in city networks, such as PageRank and nodes centrality. Then, we analyze the factors that cause highrisk driving behavior in these cities, the results are shown in FIGURE 4.
In FIGURE 4, we mark several influential prefecture-level cities, and in each city, the components of the factors that lead to high-risk driving behavior are given in pie charts. In the pie charts, Overspeeding represents driving car overspeed more than 50%. Nonlicense represents people who are not qualified to drive. Drunk represents driving after hangover. Others mean motor driver who violates road traffic regulations will be regarded as violating the traffic safety laws. It will be regarded as accomplishing a crime if there are major accidents occurred. we can see from the results of the FIGURE 4, overspeeding is the most important highrisk driving behavior, which has large component in almost all cities. Driving vehicle without vehicle driving license is also a important high-risk driving behavior. There are many high-risk driving behaviors caused by drunk in cities such as Nanyang, Zhengzhou and Hengshui. Although drunk driving is defined as a serious violation in China, there are still drunkenness leading to serious traffic accidents even causing to death.
Pattern 2 (global effect of factors):
Overspeeding and nonlicense are not affected by geographical location of the city. As mentioned in the previous discussion of the influential nodes (cities) in the network, which has certain geographical advantages. However, overspeeding and nonlicensec driving are not affected by these factors.
The statistical results of the causes of high-risk driving behavior are given in TABLE 5, from which we can see that overspeeding, nonlicense driving and drunk driving are the most important factors causing high-risk driving behavior. This is consistent with the results in the individual cities in FIGURE 4. Therefore, control of these behaviors can bring us better safe travel.
Pattern 3 (local effect of factors):
Compared to first-tier cities (i.e. Beijing, Shanghai, Chongqing), drunk driving appears more in second-tier (i.e., Zhengzhou, Nanyang, Hengshui) cities. As an important factor that leading to high-risk driving behavior, drunk driving appears more in second-tier cities. This phenomenon also appears in ''Others'' high-risk driving behavior factor. Others mean motor driver who violates Road traffic regulations will be regarded as violating the traffic safety laws. It will be regarded as accomplishing a crime if there are major accidents occurred.
D. ANALYSIS OF CITY NETWORK STRUCTURE ON HIGH-RISK BEHAVIOR PATTERNS
Previously, we explore the structural characteristics of the city network describing traffic violation pattern and connection VOLUME 7, 2019 between cities. In this part, we use the city as a unit to look deeper into mobility pattern and connection between cities by analyzing the city network based on inter-city mobility map.
Next, we use the geographical location to obtain the moving distance of the vehicle and calculate the distribution of the distance. According to FIGURE 5(a), it can be found that the distance obeys the power law distribution. In the distribution of moving distance between two places, it can be seen that those short-distance movements account for a large part, which is common in actual situation: a car is more likely to move closer destination. In FIGURE 5(b), it can be seen that the traffic accident fatalities are unbalanced in each city. there is a relationship with the urban traffic panning.
We use a JavaScript library to visualize the city pairs with edges that have higher weights. As demonstrated in FIGURE 6, the macro-spatial configuration of city networks in China is visualized. The FIGURE 6 shows the map of the model of the transition between cities. An edge is directed but for conciseness, we do not show the arrow of the edge. The spatial distribution of high-risk driving behavior pattern shows significant spatial heterogeneity and the spatial correlation form of city networks represents strong spatial dependence and hierarchical characteristics. Furthermore, these macro-spatial patterns of high-risk driving behavior also reveal obvious spatial coupling with major megaregions in China and predominantly reflect the spatial relationships and core-periphery structures at regional scales. And we use different colors to represent nodes, and red indicates that the proportion of nodes as a target point is higher than the proportion of departure points (green), it is same for green colored node.
Pattern 4 (geographical effect):
The movement of the vehicle is affected by the geographical location. There are characteristics in vehicle movement pattern in distance, in other words, the movement of the vehicle is affected by the geographical location. Besides, it is more prone to move a close range city which is expectable given the difference in distance, traffic road and cost.
Pattern 5 (transportation hubs effect): Transportation hubs have high rate of high-risk driving behavior. Cities that have many connections with other cities are those transportation hubs, for example: Beijing, Shijiazhuang, Shanghai,Guangzhou, ect. This phenomenon shows that there are many vehicles flowing into or out of these areas. In addition, the proportion from small cities to big cities is higher than that from big cities to small cities, and big cities also have higher weights. Big cities here refer to those cities that play an important role in economy, politics, culture and tourism.
Pattern 6 (regional effect): In high-risk driving behavior, there are more connections between cities in the Eastern area than between Western areas. In the eastern part of the China, the Beijing-Tianjin-Wing area, the Pearl River Delta and the Yangtze River Delta and other important economic regions have very close relationships with each other. These areas are also important ports in China where large-scale vehicles are operating.
Vehicles prefer to move between cities close to each other, and between major cities of China. From the city network, we have selected the influential city pairs, i.e., the pairs of cities with high-weight edge connections. TABLE 6 shows city pairs with top 10 edge weights between them. Since edges in the city network are directed, city pairs are also directed. Each row in TABLE 6 represents an edge that is pointed from the ''Departure'' city to the ''Destination'' city. Shijiazhuang, Hengshui, Dezhou and Cangzhou are on the path from Southern China to Beijing. Langfang is an important geographical position as a ''bridge'' connecting Tianjin and Beijing. Tangshan, which benefits form Jingjin Wing's, VOLUME 7, 2019 FIGURE 6. The mobile mode map shows the pairs of cities with higher weights and moving routes. The colors of the nodes in the graph indicate the proportion of the city as the starting point and the target point. For the detailed proportion of top results, see Table 6 . The red indicates the target point, and the green indicates the starting point. there are more connection between cities in the Eastern area than between Western areas.
is important Mineral Production base. These phenomena further have confirmed the impact of major cities (the cities with important functions in economy, politics, culture, and tourism) on the pattern of traffic violations.
E. THE RELATIONSHIP BETWEEN PATTERNS AND METHODS BASE ON TRAFFIC VIOLATION CITY NETWORK
In this study, the six patterns are discovered from the four different type of methods based on characteristics of city network in FIGURE 7. The city attraction pattern and local effect of factor pattern are identified by highlighting some influential cities in China, which are significant on the factors, and constantly engage in high-risk driving behavior. The much more high-risk driving behaviors appear in secondtier cities (i.e., Zhengzhou, Nanyang, Hengshui) that are concluded to the pattern of local effect of factors. The pattern of transportation hubs effect is explored by the connectivitybased behavior method from the assortativity and PageRank characteristics of city network, for the transportation hubs (for example, Shijiazhuang, Shanghai, Guangzhou) have high rate of high-risk driving behavior. The pattern of global effect of factors is not significant on the characteristics of geographical location of the city by the spatial-based behavior method for some factors (i.e., Overspeeding, Nonlicense driving). However, the movement of vehicles is affected by the geographical location. The pattern of regional effect is obtained from the small-world based behavior on the characteristics of clustering coefficient and average path length. In another word, eastern parts of the China (the Beijing-Tianjin-Wing area, the Pearl River Delta, the Yangtze River Delta and other important economic areas) show closer relation than Western areas.
IV. RELATED WORK
Public safety is an important manifestation of a good social order. However, anomalous events such as high-risk driving behavior will have a serious impact on public safety. And there are many factors that lead to high-risk driving behavior, such as drinking, lack of sleep, people who are not qualified to drive, and so on. A large number of previous studies have focused on factor that cause this high-risk driving behavior. The references [4] apply questionnaires analysis to identify relationship between risky driving and use cell phone while operating a motor vehicle. Which suggest that cell phone using drivers are at greater crash risk than non-cell using drivers for reasons that are in addition to the risks usually attributed to using a hand held cell phone while driving. The literature [5] studies that binge drinking, especially in adolescent, more frequently engaged in high-risk driving behaviors, such as speeding and using a cell phone while driving. Demographic characteristics also have great effect to high-risk driving behavior, the study in reference [6] focus on the relationships between safe driving behaviors and demographic characteristics (including sex, age, education and income). The results show that belt use, observing speed limits, and abstaining from drinking are quite independent of each other, there is no single high-risk group that is most likely to violate all three safe driving behaviors. Reference [13] studies effects on early high-risk driving behavior of changes over time in adolescent alcohol use, friends' support for drinking, susceptibility to peer pressure, and tolerance of deviance. To detect significant substance use and parental characteristics influence in new drivers through age 23-24 years, reference [18] apply Poisson regression models to predicting for subsequent high-risk driving behavior.
At present, research on the city network can be broadly divided into two main categories including ''world city network'' [19] , [21] and ''polycentric urban region'' [22] , which focus on respectively either global (or national) or regional scales [23] - [25] . In empirical studies, measurements of city networks at different spatial scales have mainly been led using infrastructural networks [26] , [27] , enterprise organizations networks [25] , [28] and social cultural relationships networks [21] , [29] . This kind of infrastructure-based network is a very common analysis tool at present. In general, the infrastructure-based urban network is roughly divided into two classes: urban networks based on transportation, including railways, air and highways flows as the connections between cities [30] - [33] and urban networks formed on the basis of communication devices, including internet, mobile phone communications, etc. as a relationship between two cities [34] - [36] .
The use of complex networks to study patterns of emergencies is one of the many topics discussed by researchers. And the death record caused by traffic accidents as one type of the emergencies that could explain the high-risk driving behavior pattern in urban-scale. Reference [37] apply communication and mobility patterns in the vicinity of emergencies, such as bomb attacks and earthquakes, to explore human activity patterns in emergency situation, [38] and [39] utilized networks of mobile phone users to identify how the users change their communication pattern following an emergency, and detection of behavioral anomalies from mobile phone data. Reference [40] propose a model of constructing anomalous directed acyclic graph (DAG), which is based on spatialtemporal density, and [41] propose algorithms, which construct outlier causality tress based on temporal and spatial properties of detected outlier, to detect outlier causal relationship in traffic.
V. CONCLUSION AND FUTURE WORK
In this paper, we use traffic violation event data to construct a directed network of city to study the urban scale high-risk driving behavior pattern in China. We find that the degree of the node and the weight of the edge between two nodes follow the power law distribution, and corresponding to these highlighted nodes are some from important geographical and economical cities. We are concerned with the geographical structure of urban networks based on illegal information, and find strong spatial dependence and hierarchical characteristics, which are largely coupled with the distribution space of major cities (e.g., Beijing, Tianjin, Shanghai) and economic belts (e.g., the Yangtze River Delta Economic Belt, Pearl River Delta Economic Belt, and around the important coastal ports) in China. These phenomena reflect the spatial relationship and core-periphery structure of high-risk driving behavior pattern on the urban scale and reveals the attractiveness of large cities and regions as a domestic economic and political center.
These empirical results obtained from this study will help enrich our understanding of urban-scale high-risk driving behavior patterns and further strengthen the understanding of the structure of urban networks recorded under this highrisk driving behavior. Our research has proposed a new perspective on the construction of a complex network process. Starring from novel perspectives and different data concepts, we study the pattern of human abnormal behavior and propose a creative concept for studying human behavior pattern. Our future work lies in analyzing illegal data, which contains all illegal data, to explore illegal behavior pattern in urban-scale. 
